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Abstract. Precise 3D reconstruction of alveolar bone defects using Cone-
Beam Computed Tomography (CBCT) is essential for predictable dental
implant surgery and bone graft planning. However, automated restora-
tion remains challenging due to the inherent anatomical complexity and
the scarcity of paired clinical datasets. In this paper, we propose Diff-
SABR, a novel diffusion-based symmetry-aware framework to reconstruct
alveolar bone morphology. Our approach employs a hybrid learning strat-
egy that integrates a synthetic dataset generated through hyperbolic-
paraboloid simulation with a clinical dataset for weakly supervised train-
ing. To handle anatomical variations, we incorporate AlignNet, a spatial
alignment module that registers healthy mirrored anatomy to the defect
site. Experimental results demonstrate that our framework achieves high
anatomical fidelity, with a Dice Similarity Coefficient (DSC) of 0.82 and
a 95th percentile Hausdorff Distance (HD95) of 1.67 mm on real-world
clinical scans. Quantitative and qualitative ablation studies further con-
firm that the synergy between hybrid supervision and spatial alignment
is crucial to restore clinically viable ridge geometries. By providing objec-
tive and automated 3D bone restoration, Diff-SABR offers a robust tool
to improve surgical stability and optimize bone graft material selection
in clinical practice.

Keywords: Diff-SABR · Alveolar Bone Reconstruction · Latent Diffu-
sion Model · Symmetry-aware Learning · Weakly Supervised Learning
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1 Introduction

Precise 3D reconstruction of alveolar bone defects using Cone-Beam Computed
Tomography (CBCT) is a prerequisite for successful dental implant surgery [3,
14, 18]. Post-extraction bone resorption often requires bone grafting, making
quantitative assessment of defects essential for determining the graft volume
and ensuring long-term surgical stability [17]. However, clinical evaluation still
relies largely on subjective judgment due to the lack of objective and auto-
mated restoration tools [5, 8, 19]. Early automation efforts, such as intensity-
based thresholding [14] and template-driven completion [11, 2], are often ham-
pered by inter-operator variability and high sensitivity to alignment. Further-
more, the low contrast of CBCT and the structural diversity of defects restrict
the robustness of these intensity-driven priors in complex clinical scenarios [13,
15].

Motivated by these limitations, recent studies have explored deep generative
models for anatomically consistent reconstruction [6, 12, 20]. Diffusion probabilis-
tic models, in particular, have emerged as powerful conditional generative frame-
works capable of synthesizing high-fidelity structures [16, 10]. Diffusion models
progressively transform noise into anatomically consistent volumes conditioned
on auxiliary priors, making them well-suited for CBCT-based restoration. De-
spite this potential, automated restoration remains challenging due to anatomi-
cal complexity and the scarcity of paired clinical datasets for supervised learning.
While simulation-based training is widely adopted to address this limitation, ex-
isting approaches relying on naive masking or random cropping fail to capture
the irregular and asymmetric nature of bone resorption. Stochastic anomaly sim-
ulation for volumetric inpainting [9] further lacks the structural realism required
to model complex multi-site bone loss.

To address these challenges, we propose Diff-SABR (Diffusion-based Symmetry-
aware Bone Reconstruction). Diff-SABR introduces a hyperbolic-paraboloid-
driven defect simulation strategy that enables the synthesis of geometrically
principled resorption patterns across the maxillofacial complex. Taking advan-
tage of the bilateral symmetry of the jawbone, our framework enforces latent
alignment between defect regions and contralateral healthy structures to pro-
mote global morphological consistency. Additionally, we incorporate a weakly
supervised learning objective to bridge the gap between the simulated and clin-
ical domains without requiring dense voxel-wise clinical annotations. Our con-
tributions are summarized as follows:

– We introduce a hyperbolic-paraboloid-driven simulation strategy that math-
ematically replicates asymmetric bone resorption patterns, providing a prin-
cipled foundation for training without paired clinical datasets.

– We propose Diff-SABR, a symmetry-aware conditional diffusion framework
integrating manifold-constrained latent alignment with a weakly supervised
objective to ensure anatomical plausibility across domains.

– We demonstrate the framework’s superior performance in volumetric quan-
tification for dental implantology through evaluations on both synthetic and
clinical datasets.
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Fig. 1. Hyperbolic-paraboloid defect simulation. (a) Synthetic data generation pipeline
and (b) defect variations generated by modulating geometric parameters θ.

2 Method

2.1 Hyperbolic-Paraboloid-Driven Defect Simulation

We generate clinically plausible paired data by simulating resorption patterns in
intact jawbone CBCT masks (Fig. 1(a)). Given a segmented bone mask M , an
apico-coronal band of 6-9 mm is cropped to approximate the clinically relevant
ridge region for augmentation planning [3, 18]. To realistically position defects
along the dental arch, we estimate a ridge centerline C using Principal Compo-
nent Analysis (PCA) and randomly sample a center point ck ∈ C. Around ck,
we define a local coordinate system aligned with the arch tangent (mesio-distal)
and its orthogonal bucco-lingual direction, constructing an oriented bounding-
box Ωk. Within this ROI, we synthesize a saddle-shaped defect surface using a
hyperbolic paraboloid:

Zsurf(xn, yn; θ) = Z + ∂

(
(yn − ys)

2

A2
− (xn − xs)

2

B2

)
, (1)

where θ = {Z, ∂,A,B, xs, ys} controls the offset, depth, curvature, and asym-
metric shifts in the local plane (xn, yn) (Fig. 1(b)). Finally, we remove bone
voxels inside Ωk based on Zsurf to generate the defective mask Mdef, defining
the target defect region as D = M \ Mdef. By repeating this procedure with
stochastic variations of θ, we produce a diverse and anatomically consistent set
of defect patterns for diffusion-based training.

2.2 Diff-SABR: Symmetry-aware Bone Reconstruction Diffusion
Framework

Network Overview. The Diff-SABR framework reconstructs alveolar bone de-
fects by integrating structural priors through a two-stage learning process [16].
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Fig. 2. Overview of Diff-SABR, including pre-trained VAEs (a), AlignNet (b), and a
symmetry-aware latent diffusion model (c).

The initial stage focuses on establishing a robust latent space via pre-trained
VAEs and achieving spatial consistency through an alignment module. This is
followed by a fine-tuning stage where a symmetry-aware latent diffusion model
performs the actual bone restoration within the learned manifold. By combining
synthetic data for full supervision and clinical data for weak supervision, the
network effectively bridges the domain gap while preserving high anatomical fi-
delity. The following sections detail each component and the hybrid optimization
strategy.
Pre-training Stage. The framework begins with the pre-training of three mod-
ules to establish a robust latent representation and spatial alignment. Two inde-
pendent 3D VAEs are optimized using reconstruction and KL divergence terms
to learn compact manifolds for CBCT intensities and binary or soft masks,
respectively. The resulting CBCT encoder Ec and Mask encoder-decoder pair
Em, Dm facilitate stable diffusion by projecting high-dimensional volumes into a
low-dimensional latent space. Simultaneously, AlignNet is trained to regress an
affine transform τ̂ that registers the mirrored contralateral anatomy to the defect
site, thereby reducing pose-induced misalignments. For AlignNet, the fixed and
moving masks denote thresholded bone-only maps extracted from the defect-side
CBCT and the mirrored contralateral CBCT, respectively, and are used only to
estimate the affine symmetry alignment. The aligned symmetry CBCT is then
obtained as Xa

s = W (Xs; τ̂), ensuring reliable symmetry-based conditioning for
the subsequent reconstruction.
Symmetry-aware Latent Diffusion. During the fine-tuning stage, we opti-
mize a conditional diffusion model that operates within the pre-trained latent
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manifold. Since synthetic and clinical data provide different types of supervi-
sion, we define the target mask M accordingly. For synthetic data, the hard
mask Mhard is the binary defect region generated by the hyperbolic-paraboloid
simulation, corresponding to the removed bone region between the intact and
simulated defective masks. For clinical data, where voxel-wise ground truth is
unavailable, the discrepancy between the defect-side anatomy and the aligned
mirrored contralateral reference within the clinical defect ROI is converted into a
continuous soft representation using a signed distance function (SDF), and used
as the clinical pseudo label Msoft for weak supervision. During training, Mhard

provides full supervision, whereas Msoft provides weak anatomical guidance. In
contrast to these supervision masks, the ROI cuboid mask Mr serves only as a
coarse localization prior for the candidate defect region.

This target is encoded into the latent space as z0 = Em(M) before applying
the forward diffusion process zt =

√
ᾱtz0 +

√
1− ᾱtϵ, where ϵ ∼ N (0, I). For

conditional guidance, we construct a joint feature C0 by concatenating the em-
beddings of the defect CBCT, the aligned symmetry CBCT, and the ROI cuboid
mask, formulated as C0 = Concat(Ec(Xd), Ec(X

a
s ), Em(Mr)).

To ensure consistent guidance across different spatial resolutions, the con-
dition feature C0 is transformed into a multi-scale pyramid through iterative
average pooling. At the input layer, the noisy latent zt and the full-resolution
condition C0 are concatenated and processed through an initial 3D convolu-
tional block Φin. These multi-scale features are subsequently injected into the
encoder and decoder blocks of the denoising network using FiLM modulation
and cross-attention mechanisms [15, 10]. This integrated approach allows the net-
work to effectively fuse auxiliary priors with latent activations for high-fidelity
bone restoration. The model is optimized through a total weighted loss that
balances diffusion accuracy with anatomical supervision. The primary diffusion
loss Ldiff = Et,ϵ[∥ϵ− ϵϕ(zt, t, C0)∥22] ensures the fidelity of the generative process.
For synthetic data, we enforce anatomical accuracy using Lsup = LBCE + LDice

between the predicted mask M̂ and the simulation label Mhard. For clinical data
where pixel-wise ground truth is unavailable, the weak supervision loss is defined
as

Lweak =

{
0.5(M̂ −Msoft)

2/β, if |M̂ −Msoft| < β

|M̂ −Msoft| − 0.5β, otherwise
(2)

where β denotes the threshold for the Huber-like penalty. The final objective is

Ltotal = λdiffLdiff + λsupLsup + λweakLweak (3)

where the weights are empirically set to λdiff = 1, λsup = 1, and λweak = 0.5.

3 Experiments

3.1 Datasets and Implementation Details

Dataset. The study utilized a CBCT dataset consisting of 33 normal subjects
with complete dentition for defect simulation and 43 clinical cases featuring alve-
olar bone defects from patients requiring bone grafting and implant surgery.



6 H. Y. Choi et al.
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Fig. 3. Qualitative comparison of ground truth surfaces (gray) and reconstructed defect
surfaces (dark gray).

All scans were acquired using a CS 9600 scanner (Carestream Health, Inc.,
Rochester, US) at 90 kVp and 8 mA with an isotropic voxel size of 0.15× 0.15×
0.15 mm3 and dimensions of 1067 × 1067 pixels. For the simulated dataset Ds,
230 normal ROI volumes of size 128×128×128 voxels were extracted around the
alveolar ridge. Three defect patterns were generated per ROI using hyperbolic-
paraboloid simulation with stochastic parameters θ, resulting in 690 samples
divided into 641 for training and 49 for evaluation. The clinical dataset Dc was
similarly cropped into ROIs centered on defects where 33 cases were assigned to
weakly supervised training and 10 cases were reserved for testing.
Training setup. All models were implemented in PyTorch and trained on an
NVIDIA RTX A6000 GPU (48 GB memory) under identical computing envi-
ronments using a batch size of 2 to ensure a fair comparison. AlignNet and 3D
VAE were optimized using the Adam optimizer with a learning rate of 1× 10−4

and trained for 50 and 300 epochs. Diff-SABR was trained using the AdamW
optimizer with a learning rate of 5 × 10−5. A forward diffusion process with
T = 1000 timesteps was employed, using a linear beta schedule ranging from
1e− 4 to 0.002.
Evaluation Metrics. To evaluate reconstruction accuracy, we quantified overlap-
based performance using Dice Similarity Coefficient (DSC), Precision, and Re-
call, alongside surface-based distance metrics, including the 95th percentile Haus-
dorff Distance (HD95) and Mean Surface Distance(MSD).

3.2 Experimental Results

Quantitative comparison with other methods. We compare Diff-SABR
with a supervised 3D U-Net [4], a WGAN-GP-based generative inpainting model [1],
and a discrete-latent VQ-diffusion baseline [7]. As reported in Table 1, Diff-SABR
achieves competitive performance on the simulated dataset Ds while producing
the lowest surface distance errors (HD95 and MSD), indicating improved geo-
metric fidelity. On the clinical dataset Dc, Diff-SABR achieves the best overall
performance, with the highest DSC, precision, and recall together with reduced
surface errors. The consistent improvement on Dc indicates that the proposed
symmetry-aware conditioning and weakly supervised adaptation effectively mit-
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Symmetry Input Surface ReconstructionAligned Input Defect Input Prediction

Fig. 4. Clinical CBCT reconstruction examples in axial slices. Each row corresponds
to a different case. Color maps indicate surface distance errors (mm).

Table 1. Quantitative comparison on synthetic (Ds) and clinical (Dc) datasets.

Method Ds Dc

DSC (↑) Precision (↑) Recall (↑) HD95 (↓) MSD (↓) DSC (↑) Precision (↑) Recall (↑) HD95 (↓) MSD (↓)
3D U-Net[4] 0.95± 0.05 0.92± 0.08 0.98± 0.01 2.27± 2.13 0.19± 0.19 0.65± 0.06 0.69± 0.12 0.64± 0.11 2.58± 0.94 0.72± 0.18
WGAN-GP[1] 0.81± 0.09 0.85± 0.14 0.80± 0.06 3.99± 2.75 0.51± 0.31 0.74± 0.04 0.77± 0.11 0.73± 0.09 1.99± 0.83 0.51± 0.13
VQ-diffusion[7] 0.87± 0.07 0.87± 0.10 0.88± 0.05 1.87± 2.03 0.27± 0.18 0.76± 0.04 0.76± 0.08 0.77± 0.08 2.22± 0.91 0.48± 0.13
Diff-SABR 0.91± 0.03 0.90± 0.05 0.91± 0.05 0.96± 0.68 0.16± 0.11 0.82± 0.04 0.83± 0.08 0.82± 0.06 1.67± 0.76 0.36± 0.08

igate the synthetic-to-clinical domain gap, which remains challenging for purely
supervised or purely generative baselines.
Qualitative Analysis. Qualitative comparisons on clinical CBCT scans demon-
strate that 3D U-Net often produces over-smoothed reconstructions and fails to
recover plausible ridge contours when defect geometries deviate from simulation
patterns (Fig. 3). WGAN-GP and VQ-diffusion improve continuity but often
generate irregular boundaries, particularly in thin cortical regions. In contrast,
Diff-SABR reconstructs coherent ridge morphology with smooth transitions at
defect boundaries, yielding anatomically consistent masks that align closely with
reference shapes. The integration of the symmetry prior is further detailed in Fig.
4. Due to anatomical asymmetry, the symmetry CBCT is initially misaligned
with the defect site, and AlignNet transforms it into a registered structural ref-
erence. The aligned volume serves as a conditioning prior for diffusion, producing
reconstructions with consistent boundaries and anatomically plausible curvature.
Effectiveness of Hybrid Supervision and Alignment Modules. Table 2
summarizes the ablation study. Training with Lsup alone achieves strong per-
formance on Ds with DSC 0.91 ± 0.05 but generalizes poorly to Dc with DSC
0.04 ± 0.06 with large surface errors, confirming a severe domain gap. Training
with Lweak alone improves Dc to DSC 0.56 ± 0.10 but performs poorly on Ds
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Clinical Defect 𝝀𝒘𝒆𝒂𝒌 = 𝟎. 𝟏 𝝀𝒘𝒆𝒂𝒌 = 𝟎. 𝟑 𝝀𝒘𝒆𝒂𝒌 = 𝟎. 𝟓 𝝀𝒘𝒆𝒂𝒌 = 𝟎. 𝟕

Fig. 5. Qualitative comparison of λweak from 0.1 to 0.7 in axial, buccal, and lingual
views.

Table 2. Ablation study on synthetic (Ds) and clinical (Dc) datasets.

Components Ds Dc

Lsup Lweak AlignNet DSC (↑) Precision (↑) Recall (↑) HD95 (↓) MSD (↓) DSC (↑) Precision (↑) Recall (↑) HD95 (↓) MSD (↓)
✓ 0.91± 0.05 0.91± 0.05 0.91± 0.05 0.87± 0.89 0.15± 0.06 0.04± 0.06 0.36± 0.37 0.02± 0.03 8.30± 2.82 3.36± 1.37

✓ 0.25± 0.12 0.20± 0.13 0.42± 0.12 7.36± 1.42 1.84± 0.44 0.56± 0.10 0.59± 0.18 0.59± 0.14 3.72± 1.16 0.98± 0.21
✓ ✓ 0.92± 0.03 0.92± 0.04 0.91± 0.06 0.76± 0.69 0.14± 0.05 0.13± 0.21 0.58± 0.38 0.10± 0.18 7.17± 2.88 2.37± 1.31

✓ ✓ 0.24± 0.12 0.19± 0.12 0.35± 0.11 7.32± 1.47 1.88± 0.47 0.57± 0.10 0.57± 0.14 0.60± 0.14 3.54± 0.84 0.92± 0.22
✓ ✓ 0.90± 0.06 0.86± 0.09 0.94± 0.03 1.00± 0.97 0.17± 0.09 0.72± 0.06 0.76± 0.11 0.70± 0.09 2.41± 1.02 0.58± 0.21
✓ ✓ ✓ 0.91± 0.03 0.90± 0.05 0.91± 0.05 0.96± 0.68 0.16± 0.11 0.82± 0.04 0.83± 0.08 0.82± 0.06 1.67± 0.76 0.36± 0.08

with DSC 0.25± 0.12, indicating that weak clinical cues alone are insufficient to
learn robust anatomical completion. Combining Lsup and Lweak improves clin-
ical reconstruction to DSC 0.72 ± 0.06 and HD95 2.41 ± 1.02, demonstrating
that simulation supervision and weak clinical adaptation are complementary.
Adding AlignNet further boosts clinical performance to DSC 0.82 ± 0.04 and
reduces HD95 to 1.67± 0.76 and MSD to 0.36± 0.08, demonstrating the benefit
of explicit symmetry alignment.
Sensitivity analysis on λweak. We evaluated the effect of the weak supervision
weight by varying λweak ∈ {0.1, 0.3, 0.5, 0.7} as presented in Table 3. Clinical per-
formance peaked at λweak = 0.5 with the highest DSC and the lowest MSD. On
the clinical dataset Dc, a smaller λweak caused the model to remain biased toward
simulated defect statistics, whereas an excessively large weight such as 0.7 led
to performance saturation or degradation due to over-emphasis on weak labels.
Based on these findings, λweak was set to 0.5 for all subsequent experiments to
ensure balanced adaptation between the simulation and clinical domains.

4 Conclusion

We presented Diff-SABR, a symmetry-aware latent diffusion framework for re-
constructing alveolar bone defects from CBCT under limited clinical supervision.
By combining hyperbolic-paraboloid defect simulation, weak clinical supervision,
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Table 3. Sensitivity analysis of λweak on synthetic (Ds) and clinical (Dc) datasets.

λweak
Ds Dc

DSC (↑) Precision (↑) Recall (↑) HD95 (↓) MSD (↓) DSC (↑) Precision (↑) Recall (↑) HD95 (↓) MSD (↓)
0.1 0.89± 0.06 0.85± 0.10 0.94± 0.03 1.12± 1.17 0.19± 0.11 0.71± 0.10 0.72± 0.13 0.73± 0.11 2.38± 0.95 0.61± 0.25
0.3 0.89± 0.06 0.85± 0.09 0.93± 0.04 1.20± 1.10 0.20± 0.10 0.75± 0.05 0.75± 0.13 0.77± 0.11 2.33± 0.81 0.54± 0.15
0.5 0.91± 0.03 0.90± 0.05 0.91± 0.05 0.96± 0.68 0.16± 0.11 0.82± 0.04 0.83± 0.08 0.82± 0.06 1.67± 0.76 0.36± 0.08
0.7 0.91± 0.04 0.92± 0.04 0.89± 0.05 0.85± 0.87 0.16± 0.07 0.77± 0.03 0.77± 0.07 0.79± 0.07 1.79± 0.55 0.46± 0.09

and affine symmetry alignment via AlignNet, the proposed method improves
anatomical fidelity and robustness on real clinical scans. Experimental results
and ablations demonstrate that hybrid supervision and symmetry alignment are
both essential to bridge the synthetic-to-clinical gap. Diff-SABR enables objec-
tive 3D reconstruction and can support preoperative graft volume estimation
and implant treatment planning.
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